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Feature extraction and classification of arrhythmia using ensemble local mean decomposition
method

CHEN Min, WANG Raofen
School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract: Aiming at feature extraction in electrocardiogram (ECG) automatic classification technology, a new method of feature
extraction, ensemble local mean decomposition, is proposed. Firstly, different Gaussian white noises are added to ECG signals.
Then, several product function (PF) components are obtained by local mean decomposition, and the average value after multiple
decompositions is calculated as the final PF components. This method can solve the mode aliasing problem of local mean
decomposition by multiple additions of noise and component averaging. The top 4 features of PF components are selected for
feature calculation. The obtained feature vector matrix is used in support vector machine to classify normal ECG signals and 4
common kinds of arrhythmia ECG signals. Finally, the verification with MIT-BIH arrhythmia database shows that the total
classification accuracy of the proposed method reaches 99.61%, higher than conventional methods, which confirms the
effectiveness of ensemble local mean decomposition method.

Keywords: electrocardiogram signal; ensemble local mean decomposition; feature extraction; arrhythmia classification; support

vector machine

HARM AR AR A e AR R L L
FEL PR A AAC HLAR 5 R R B, o & 5338 o X0
BIRULEE , AT LRG0 LA 5 10 S5, AT ST A4
R R R . B = BE )12 {8 FH 1Y Holter L HE
WP ALAN , AT 2R 5000 F B A g i I >, X
T EXT O HAR S T A 94028, I A R ) 5
. A, AT SIS JUE A R 0 1 S s W, R s
(48 B #312019-06-20 et m e i
[E£ T8 |5 [ AFRER S (61803255, 71701124) ; [-ifE1li H KR PG HES IR B
“FHE43 (18ZR1416700) BALDHAGS B Rl B FRE R BUE 2
H’E%ﬁﬁ]%@i,ﬁﬁﬁﬁ%ﬁ:}ﬁ%ﬁrﬂ SEBRE S AL EURIE U], B- LTIy I E NI TIRSE . L
mail: 1723346394@qq.com R e . 1 S b 4 .
RS U5, W I By i e g oyhe PH/N BRI O L AR S AT AR S L, /N
By 55 PH , E-mail: rfwangsues@163.com ST T VR B 2203 BRSO A R AN HE A R g

2
il

TEAT 22 8 % AR T AR RE bR e RAN i
AR T AUBAT RO ST, o L I R RIS
T2 — AL T AW B B, I 22 B AR A i 3




- 1212 - Hh R B2 F364

BCRAEAT 5 0 Jr) BRI (B 7 /)N 5 5 R B8 1) B
45 In] 1 5 Rajesh 45 ' i I 28 35 185 28 43 f#% (Empirical
Mode Decomposition, EMD) J5 X0 B A5 5 1T 4
fiff , X453 A IMF J3 i AT 90 S5 RRAE 9 315515 21 Ry
fEm) . EMD & —Ff 3 W A5 5 A0 3 5 2, i
7 S AR B R 1 IMF 3 76 s AL AR A H g 2
o SR EMD J it Hh 2 H B s 3000 SRS |
T AL LR R AL A ] X ik e o B AR 22
OB T I SR LIRS i R R R A
GRS il 1A (R X B R DT AR N RE A A
AR EMD AEAERY I, RSB AT T A
fiE 48 B J7 2% Jay % 34 1A 53 f% (Local Mean
Decomposition, LMD ) J5 7 X5 U LA 5354 T F 38 1 4
i, 125 s RE S DR EMD 7 32 ) i )5 8800 3 A 4%
RALZE R 3, (BAT IR A AR AR S IR B ), PR AR S
Xf LMD J7 53R4T e, $ H — Rl AR R 24 {8 53
(Ensemble Local Mean Decomposition, ELMD) J5%,
It HT ELMD J5 2080 AR 5 3547 404 . ELMD J5
I A B B 090 FUF 5 2RI A [R] 1 7
P W PSS PR AT Ry B B O3 i, X B A B B T
A~ e L R %l 4312 (Product Function, PF) >R #1{H , 15 21|
G B PE oyt o %07 R AR 2 Y PF 3 RERE 7
I R A5 5 TR ERCHE 5 RS 09 15 5 IS0 A 9 TR S, BDTE
— > PF 43t 2 IUAE 5 AR ] s (] RUEE (AT

XA S BY PF 43 A TR IE T 5, 15 31— 4H
AR G SRR RE M i, ik A Sy
LIRS T 4328, SN I O LA 5 A 4 Ry DL
R OHESIAZ K,

1.1 LMD A%

LMD J&— 8t (%) [ 38 1 iAo B 7 B R
PR AR PR B 25 5 A 3 W o3 i
AN EA W3S SR PE 23 A — DR AR o i, TEDLI
A2 ORI i A5 A B v A 2z i Y B
REANT AR IR 55 w(e) BT A S R A A
F/IMELEL ny , SRIBUHSE PR (B B9 X8, F T 3l
VI AT AL B A5 B R S YE SR m (¢) L T
i R RS A THE o
n,=n,.,[/2 (1)

W o, FHEZE G K R M 37 R X 4 2k
HEA TP AL 3, 15 B AT PR AL @, (2) 5 N 2(2) T3
B R A R AL, A5 by (1) KA RN ()
BRUA @), (¢) AT AR AR B ARE 5«

a;=

su(t) =hy(t)la, (1) (2)

B FRDTE R, HEB s, (1) 2l R AL
UL

hy () =5, (t) = m,, (1) (3)

su(t)=h,(t)/a, (1) (4)

W x(2) 43k B2 —A PR A3 AR5 5 ay(1)
ARG 5, (1) FIFEF, B .

PF,=a,(t)s,(t) (5)

M x(2) HarES PR (¢) S RIS S w, () 7R
R EAE SR R IR A, BB w,(¢) B AL
e, «'(t) B i A kA PF 43 i Al — AN 3R Ax 40
w,(t) RIRH

«(1)= Y PF (1) + (1) (6)
1.2 ELMD Fi%

ELMD J5 % &% LMD J5 i i) —Fhktit . ELMD
(AR I3 2 R 5 I A [R) 19 1 57 1 e 75 5 A 7 =y
BB o, X R AR B A5 T~ PF 20 iR A (EAE N
§53 [N AR P E M= Ry Nty i 27 3T

(DX EMRZ SRR S () INAA R Y
I

x(t)=x(r) + (1) (7)
Horr, o'(e)(i=1,2, -+, M) RARIIMER 0.7 25K
& MR T IR

(2) %} «'(¢) 47 LMD 43 fi# , 15 2] kA~ PF 235 Fil
—AERAA (1) BN N

()= ipn(t) ruy(t) (8)

(3) 5 MR 53 43 2 (4 PE 43 1 p MR r 1Y
{i
pi = szk/M
v (9)
r= Zr/M,

i=1

Hrp, p, . 7 BIS ELMD M U455

Oy HLE 5 2843 ELMD W3, IR A5 5 i R iR A
B2 A B R[] 04 B (R RRAE RUBE b TR T
JEAE S B IR B

2 MEKEFHEREUKL 573

2.1 HHEFRIR

AR SRR FH 5 R JRR A B T2 B O R 2K o B
J MIT-BIH., MIT-BIH (4l 272 I FH T 24 R WP 5%
AT REICHE ', 2 48 BEK B Ry /Nt g ic sk 4l
B, oK H 47 AN A O ATIER R /D 44 0 IR 2



10 , 5.

LA T AR H AR, 36 R S A% T B
Pt R PR RO B ST Bl AR 4E 15
PR R o AR SO 4 T WO AR B 00 « 25 R S
1% S BH#E (Left Bundle Branch Block, LBBB) .45 5 3%
£ 5 FH #iif (Right Bundle Branch Block, RBBB) . 5
FL## (Artial Premature Contraction, APC) . & P4 B
(Premature Ventricular Contraction, PVC) HlI IE &
(Normal, N).CyHL(F S #7532, BEBE B 4 5 S
DAAIFEAZGRE AR 1 R,

F1 LBRBIERS RIEARE

Tab.1 Electrocardiogram (ECG) data number and sample size

el REAR R b g =

N 800 100,103,105,113
LBBB 800 109,111,207,214
RBBB 800 118,212,124,231
APC 800 232,209,220,118,222
PVC 800 200,119,233,118
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Fig.2 Single heartbeat after preprocessing
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Fig.3 Ensemble local mean decomposition (ELMD) diagrams of N, LBBB, RBBB, APC and PVC
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Tab.2 Names of ECG feature matrixes
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FHAE PF1 PF2 PF3 PF4 .
FEA SE(PF1) SE(PF2) SE(PF3) SE(PF4) »
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Fig.4 Correlation between ECG features and arrhythmia
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Tab.3 Confusion matrix of classification results (ELMD method)

Bl N LBBB  RBBB APC PVC
N 238 0 2 0 0
LBBB 0 238 0 0 2
RBBB 1 0 235 4 0
APC 0 0 1 229 0
PVC 0 1 0 0 239

F=4 LEKEDLEWIRLEER(ELMD 753%)
Tab.4 Results of classification of arrhythmia (ELMD method)

el B REE% FEFE %
N 99.17 99.90
LBBB 99.17 99.90
RBBB 99.61 97.92 99.69
APC 99.58 99.45
PVC 99.58 99.79
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Tab.5 Confusion matrix of classification results (LMD method)

25 Normal LBBB  RBBB APC PVC

Normal 234 5 1 0 0
LBBB 4 229 4 0 3
RBBB 5 3 220 12 0
APC 1 2 9 228 0
PVC 0 0 0 0 240

R7T SHEMICEKELERIEE

Tab.7 Comparison with the results from other literatures

= RSO SRR/ %
Rajesh % EMD 98.72
Li &1 WT Fll ApEn 97.78
AL ELMD 99.61
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